Introduction
This paper proposes an empirical analysis of the skill repertoires of the workforce in 290 industrial sectors of the United States (US) over the period [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] . In so doing it addresses two questions:
(1) What are the skill configurations that characterize industries and sectors?
(2) Do particular skill configurations associate to specific industry types?
This study contributes various streams of scholarly research. First, it captures the correspondence between skill endowment and the organization of industry, an arguably underdeveloped theme in the area of innovation studies. In particular we identify specific categories of practical know-how that resonate with recent works on skills (Giuri et al, 2010; Neffke and Henning, 2013) and, also, explore empirical associations between these and industry characteristics. Another contribution of the paper is the articulation of important nuances on cross-industry differences that goes beyond macro-level evidence (e.g. Howell and Wolff, 1992; Autor et al, 2003) . Last but not least, the classification of industry groups on the basis of the skill content allows us to propose a new taxonomy that adds to previous literature, in particular Pavitt (1984) and Castellacci (2008) . In the last part of the paper we also observe that the distinctively dynamic character of employment and skills, and the complicated role of technology in them, bode well for greater engagement on these themes on the part innovation scholars.
The paper is structured as follows. Section 2 prepares the ground by outlining the theoretical backdrop and our proposed operazionalisation of the main concepts at stake. The empirical analysis of Section 3 illustrates important nuances of skill structures, and explores basic empirical regularities within industry types. Section 4 explores commonalities and differences with other taxonomic exercises in the innovation literature. The last section concludes and summarizes.
Background
The area of innovation studies is the field of research that has arguably explored in greater detail the relation between knowledge, industry evolution and competitiveness. A full review is beyond the scope of this paper but suffice it to say that the debate is often couched in terms of the ontology of technological knowledge, or the articulation of processes by which knowledge is organized and diffused, or the assessment of the contexts in which different (Richardson, 1972; Nelson and Winter, 1982) . 1 In turn occupations are industry-specific pathways for matching skills with institutionally agreed tasks and skills are the individual abilities that determine the proficiency in carrying out these job activities (Autor et al, 2003; Levy and Murnane, 2004) . In aggregate, the composition of the workforce at industry level reflects the knowledge mix that is relevant at any particular point in time.
Following an established tradition within innovation studies we operationalize the analysis of industry evolution by means of a classificatory exercise of the knowledge base. The first effort in this direction was Pavitt's (1984) renowned study of the technological characteristics of UK firms which became the basis for a sectoral taxonomy. This has been and continues to be a point of reference for scholars, policy makers as well as for statistical offices designing large-scale data collection programs (Archibugi, 2001; Peneder, 2003) . On a conceptual level the use of taxonomic exercises has inspired a great deal of research on various industry characteristics such as technological opportunities, knowledge cumulativeness, knowledge bases, appropriability conditions, R&D intensity and skills (see e.g. Los and Verspagen, 2004; Breschi et al., 2000; Van Dijk, 2000; Malerba and Montobbio, 2003; Reichstein and Salter, 2006; Krafft et al, 2011) . 2 At the same time greater availability of sector-specific data (such as, for example, the European Community Innovation Survey) has expanded the intellectual scope and the policy remit of classification exercises. This is especially true in the area of studies on service sectors (e.g. Evangelista et al., 1997; Miozzo and Soete, 2001; Leiponen and Drejer, 2007; Castellacci, 2007) where greater understanding of the dynamics of technological paradigms has stimulated both the toning down of the arguably blunt separation between manufacturing and services and, at the same time, a stronger appreciation of the growing diversity that exists across these sectors (Castellacci, 2008; Peneder, 2010; Consoli and Elche, 2010; 2013) .
The remainder of the paper puts these concepts to use and proposes a taxonomic exercise based on a hitherto overlooked dimension of analysis, namely the knowledge base of occupations within industrial sectors.
1 This is not to say that the issue has been completely neglected: Freeman et al (1982) , Vivarelli (1995) , Edquist et al (2001) , and Petit and Soete (2002) are important contributions on the appreciation of the mutual influence of technology, especially Information Technology, and labour. Our claim is, rather, that there have been no attempts to build on that empirical evidence to the effect of integrating the dynamics of employment in a broad theoretical framework such as those of Nelson and Winter (1982) or Metcalfe et al (2006) .
Data and Analysis
This section presents an empirical analysis of 290 industrial sectors in the United States over the period 2002-2011 with a view to uncover structural and dynamic aspects of industry evolution. Building on the conceptual background laid out above, we propose a taxonomy of industry based on the intuition that the knowledge base of a sector is a portfolio of skill combinations, whereby the co-occurrence of two particular skills in one profession is interpreted as a measure of the joint utilization of those types of know-how. Clearly mastering diverse skills determines workers' ability to meet successfully job requirements, but successful adaptation to new job tasks requires also collaboration across occupations and some degree of teamwork. This is why we prefer to focus on the industry level, since the fate of any individual occupation may conceal broader alterations in the structure of production due to modifications in the job content, in the creation of new occupations, or both, (Autor et al, 2003 ) that would otherwise be unnoticed. Being channelled through the instituted process of employment all these changes are easily detectable by looking at the composition of the labour force. The remainder of this section presents the dataset and the empirical analysis.
-Data description
The key objective of this study is the construction of an industry taxonomy based on the analysis of skill repertoires. The main source is the Occupational Information Network (O*NET) electronic database of the U.S. Department of Labour (DOL) containing specific information on the characteristics of more than 1000 occupations. For the purpose of the present paper we use information concerning the physical and cognitive abilities that are required from workers. This is generated by means of a survey in which occupational analysts, job incumbents and occupational experts are asked to assign a score to 35 types of skills (see Appendix A) on the basis of their importance for performing the occupation. Skills encompass various categories: "basic" (e.g. reading, writing and listening), "processing"
abilities (e.g. gathering and organizing information), "social" (e.g. interaction with others) and "technical" (e.g. maintenance and repairing) abilities. 3 Each of these items is assigned a score by O*NET survey respondents, and is subsequently matched with other data using the Standard Occupational Classification (SOC) code.
The database used here was built relying on different sources. First, we retrieved from Following the preamble above, we submit that changes in the repertoire of skills reflect the evolution of industry needs and that the associated change in the knowledge base is likely to engender, or to reinforce, systematic cross-industry heterogeneity. To operationalize these ideas, we aggregate occupation-specific information on skills by industry using relative scores, that is, weighted measures of skill intensity (see Oldenski, 2012 
-Constructing the taxonomy: skills and sectors
The original data contains 35 skill variables. Recall that we are not interested in their absolute values but, rather, in the way skills combine within industry-specific occupational structures.
Moreover, the raw scores of skill intensity are highly correlated with each other due to high complementarity across skill endowments at industry level. To meet the former goal and to overcome the latter limitation, we reduce the set of skill indicators to a smaller number of non-overlapping dimensions by means of a factor model (see e.g Castellacci and Archibugi, 2008 To select the number of factors to be retained we employ a combination of three common rules of thumb suggested in the literature -see Gorsuch (1983) : (i) we retain only those factors with an eigenvalue larger than one (also known as Guttman-Kaiser rule); (ii) we keep the factors which, in total, account for about more than 80% of the variance and (iii) we retain all factors before the breaking point in the scree-plot. In all these cases, our results consistently point to two factors to be retained. 5 The two factors are robust to alternative estimations for individual years and for various blocks of multiple years. Results are in line with those presented above and are available from the authors upon request. 6 Factor scores have been standardized to range between -1 and 1. Thus, a positive (negative) value of a factor score should be interpreted as an above-(below-) average value. 
-The taxonomy at work: an illustrative analysis
Let us explore more in detail the characteristics of the constructs at hand. relative Skill-Factor intensity and labelled by shapes depending on the cluster they belong to.
For analytical purposes, we find it convenient to further distinguish observations that are either manufacturing or to service activities. 2008; Peneder, 2007; Consoli and Elche, 2010) .
FIGURE ONE ABOUT HERE
To gain a clearer characterization of these constructs we check for statistical correspondences between Skill-Factors and Sector-Clusters. This is done by regressing the likelihood of belonging to a particular cluster against the skill constructs and a set of other industry characteristics (see Section 3.1) such as capital expenditure in infrastructures, capital expenditure in office equipment, labour productivity (measured as average hourly wage 9 ) and number of firms (in thousands). We also include a set of dichotomous variables taking value 1 when the industry belongs to one of the industrial categories Hi-and Low-Tech
Manufacturing, High-and Low-Knowledge Intensive Services (see Footnote 10). We believe that this exercise contributes to provide a characterisation of our clusters across relevant dimensions in a descriptive flavour.
The results (Table 2 ) corroborate preliminary insights obtained by the inspection of Figure 1 and indicate that the probability of belonging to the 10 The Breusch-Pagan test, significant at 1% level, indicates that the residuals of the three clusters are not independent and justifies the use of multivariate regression. It is worth stressing that in this method, different from multiple regression, dependent variables are jointly regressed on the same independent variables. The joint estimators of multivariate regression are built on the between-equation co-variances, and allow testing for relevant factors across equations. This way we can learn about their relative importance in each cluster.
TABLE TWO ABOUT HERE
The analysis so far has been concerned with uncovering structural aspects of the cognitive content of industries. As anticipated in the conceptual framework outlined of Section 2, the salient mark of industry evolution is the emergence of significant and persistent crossindustry differences. It seems therefore relevant to analyse the dynamic behaviour of both skill-factors and of industry clusters change over time. To this end we first check whether skill-factor intensity is homogeneous across sectors. The kernel density distributions in bell-shaped, though not normally distributed.
FIGURE TWO ABOUT HERE
These patterns resonate with the view that the distribution of 'soft' skills, such within Factor 1, is uneven across sectors because they are heavily context-dependent and, thus, harder to standardize (Bartel and Lichtenberg, 1987; Autor et al, 2003; Vona and Consoli, 2015) . The broad message that emerges from this graphical analysis is that there is high variation in the distribution of skill intensity across industries, and that path-dependence in the organization of labour routines tends to reinforce the bias (David, 2000; Amable, 2003) .
Discussion
The empirical analysis of the preceding section has provided several insights concerning the organization of industry through the lenses of the skills embedded in the workforce. To recap,
we synthesised the distributions of relative skill intensity in two constructs that capture salient characteristics of the knowledge content of occupations: Interactive & Abstract Skills, 11 Here we select the industries whose skill intensity lies below the 90h percentile to control for outliers at the far extremes of the distributions. that each industry plays in the broader eco-system through the supply or the demand of goods 13 We are indebted to an anonymous referee for drawing our attention to this issue and for suggesting this comparative exercise. clusters of different taxonomies was detected, we moved to the next step, the actual comparison of the identified groups by means of multivariate regression similar to the previous section. The goal is to assess the relationship between different types of skill intensities and the probability of being part of a group in a different taxonomy compared to our classification conditional on the set of industry characteristics. Clearly, one of our clusters and a cluster from a different taxonomy can share a number of industries but can also contain industries extremely different in the remaining group. By regressing the likelihood of belonging to a particular group against a number of characteristics we can appreciate the extent of the similarity. The last step of our procedure consists in comparing the skill coefficients across models and testing statistically the contribution of the skill factors to the cluster. Specifically, for each skill factor construct we compute one parameter vector and simultaneous (co)variance matrix of the sandwich/robust type and then we test whether their difference is significantly different from zero. Doing so allows us to check whether other classifications capture the relative importance of skill repertoires across industries. We now present these comparisons and comment them in the last subsection. Let us check whether these associations are merely quantitative or whether they are due to the actual composition of the constructs. The multivariate regression in Table 3b indicates that the overlap between our People Services and PMS' Personal Services reflects some similarity. Indeed, the Breusch-Pagan test is highly significant, thus suggesting that the 
-Comparison with Pavitt-Miozzo-Soete taxonomy

-Summing up
The key message stemming from this analysis is that industries differ in the variety of capabilities they employ. These differences do not depend solely on which skills are used but also on how skills combine with each other. This is why we argue that labour is a useful empirical dimension: employment structures are akin to coordinating devices for ensuring coherence between what is required from the workforce and the pool of capabilities that are available. The heuristic comparison between our taxonomy and other comparable classificatory exercises indicates that the skill-based analysis captures an aspect of industry organization that previous works do not. Indeed when the direct comparison between candidate groups suggests broad similarities, there is a systematic variance in the relative intensity of industry-specific skills. In formal terms, this means that the industry-cluster construct is due to a 'within industry' effect, viz. intensity of use of a particular skill, and a 'between industry' effect reflecting the comparative cognitive specialization of some industries compared to others.
The first comparison suggests that our taxonomy captures patterns of combinations of knowhow that fall outside of the remit of Pavitt, Miozzo and Soete. We ascribe this to the absence in our constructs of the manufacturing-services dualism that was rather common to early taxonomic exercises. Such a division is partly grounded in historical reasons given that the interpenetration between increasingly complex products and ever-more refined services has gained consensus among scholars only over the last fifteen years (see e.g. Miles, 2005 shown convincingly that the first wave of computer diffusion exerted a positive selection effect on high-skill professionals -mostly jobs entailing intensive use of abstract skills -and a negative effect on routine-intensive occupations -mostly jobs whose core tasks (i.e.
processing information or assembling) were displaced by computer capital (Autor et al, 2003) . As this technology reached maturity, at least in the early domains of application such as office and industrial machinery, the attendant specialist know-how has been codified and widely diffused and this has progressively reduced the initial comparative advantage of highskill workers (Vona and Consoli, 2015) . At the same time the pressure of unprecedented growth in international trade on the US and other advanced economies has accelerated the fragmentation of supply chains and the switch to high-quality products relying intensively on a broad range of Non-Routine skills (Baldwin, 2011; Consoli et al, 2014) . These developments have not undermined the importance of technical know-how but, rather, changed the way in which this is strategically used, notably in conjunction with interpersonal skills. Put another way, the emergence of a highly specialized cluster that brings together Though this would have not surprised an economist of past generations like Solomon Fabricant who made a compelling case about the heterogeneity of services in a rather old manuscript (Fabricant, 1972) . configurations will be observed due to further evolution of the knowledge configurations.
Concluding remarks
Innovation scholars have often adopted industry classifications to grasp the characteristics of technological change and, more implicitly, of the underpinning organization of knowledge.
This paper takes workforce skills as unit of analysis to detect commonalities and differences in the knowledge base of industry. Let us sum up the main results and reflect about future avenues of research that may stem from the present work.
First, we draw attention to the relation between labour, knowledge and the organization of industry, arguably an underdeveloped topic in innovation studies. In particular, we surmise that the skills content of the workforce is a reliable indicator of the knowledge that is relevant to an industry at any time. Accordingly, as industry needs evolve over time the occupational structures and the relevant skills are, so to speak, engaged in an open-ended chase along the trajectory of knowledge growth which, as argued elsewhere, calls upon institutional responses to fill emergent skill gaps (Rosenberg, 1998; Vona and Consoli, 2015) . In this view evolving skill structures are both the cause and the effect of shifting industrial regimes based on the generation, adaptation and diffusion of useful knowledge. clusters, service activities are present everywhere and exhibit strong complementarity with manufacturing production (Clusters 1 and 2) or stand alone in the construct with the stronger interactive nature (Cluster 3). This result resonates with recent research suggesting that the traditional dualism with manufacturing is perhaps obsolete (Castellacci, 2008; Peneder, 2007) and casts a shadow on the persistent view of services as a homogeneous block of activities (Consoli and Elche, 2010; 2013) .
To conclude, there is no doubt that this work is but a preliminary step in an arguably promising trajectory. Greater understanding of industry-specific skill content opens important windows on policy issues concerning skill mismatches, knowledge gaps and on the role of education policy in responding to emergent industry needs. Growing availability of microlongitudinal data such as those used here bodes well for future endeavors in this area of study. The most enticing prospect, and our next goal, is to retrieve other industry dimensions, both economic (i.e. productivity, value added) and technological (i.e. patenting), to explore statistical regularities with the skill configurations. Attractive as these endeavours may appear, any future empirical exercise will need a prior effort of systematization of concepts and methods that, we hope, this paper contributes to outline.
Note: industries are labeled according to two dimensions: cluster (shape) and type (color). 
Appendix A
O*NET, the Occupational Information Network, is a database of worker attributes and job characteristics maintained by the U.S. Department of Labor (DOL) and the National Center for O*NET Development, through its contractor Research Triangle Institute. It is the replacement for the Dictionary of Occupational Titles (DOT) and the primary source of occupational information for the US labour market. Data Collection is carried out in two steps: (1) identification of a random sample of businesses expected to employ workers in the targeted occupations, and (2) selection of a random sample of workers in those occupations within those businesses. New data are collected by means of a survey circulated among job incumbents (National Research Council, 2010) . Occupations in O*NET are defined according to the criteria of the Standard Occupational Classification (SOC) system. Data Collection provides descriptive ratings based on the questionnaire covering various aspects of the occupation: Worker Characteristics, Worker Requirements, Experience Requirements, Occupation Requirements, Occupational Characteristics, and Occupation-Specific Information. In addition to the questionnaires completed by workers and occupation experts, additional ratings are provided by occupation analysts. Responses from all three sources -workers, occupation experts, and occupation analysts -are used to provide complete information for each occupation. The standardized skill set on which the questionnaire is built contains the categories reported in the 
